Because structural variation in the inflorescence architecture of cereal crops can influence yield, it is of interest to identify the genes responsible for this variation. However, the manual collection of inflorescence phenotypes can be time-consuming for the large populations needed to conduct GWAS (genome-wide association studies) and is difficult for multi-dimensional traits such as volume. A semi-automated phenotyping pipeline (Toolkit for Inflorescence Measurement, TIM) was developed and used to extract uniand multi-dimensional features from images of 1,064 sorghum (Sorghum bicolor) panicles from 272 genotypes comprising a subset of the Sorghum Association Panel (SAP). GWAS detected 35 unique SNPs associated with variation in inflorescence architecture. The accuracy of the TIM pipeline is supported by the fact that several of these trait-associated SNPs (TASs) are located within chromosomal regions associated with similar traits in previously published QTL and GWAS analysis of sorghum. Additionally, sorghum homologs of maize (Zea mays) and rice (Oryza sativa) genes known to affect inflorescence architecture are enriched in the vicinities of TASs. Finally, our TASs are enriched within genomic regions that exhibit high levels of divergence between converted tropical lines and cultivars, consistent with the hypothesis that these chromosomal intervals were targets of selection during modern breeding.
Introduction

72
The grass family (Poaceae), includes maize (Zea mays), wheat (Triticum aestivum), rice
73
(Oryza sativa), sorghum (Sorghum bicolor), and other cereal crops, which collectively 74 provide 56% of the calories consumed by humans in developing countries and over 30% in 75 developed countries (Amine et al., 2003; Bruinsma, 2017) . The development of the grain- (Vollbrecht et al., 2000; Bolduc and Hake, 2009; Bolduc et al., 2012) . Mutations of the maize 95 knotted1 (Kn1) and the rice Oryza sativa homeobox 1 (OSH1) genes both exhibit a "sparse 96 inflorescence" phenotype caused by reduced meristem maintenance (Kerstetter et al., 97 1997; Tsuda et al., 2011) . The null allele kn1-E1 is epistatic to the null allele td1-glf in maize 98 ear development and suggests the importance of Kn1 in regulating both meristem identity 99 and lateral organ initiation (Lunde and Hake, 2009) .
100
These functional studies of large-effect or qualitative mutants have greatly enhanced our 101 understanding of the developmental processes underlying inflorescence development and 102 architecture. Even so, because many quantitative traits are also affected by large numbers 103 of small-effect genes (Buckler et al., 2009; Danilevskaya et al., 2010; Brown et al., 2011; Li 104 et al., 2012) there remains the opportunity to expand our understanding of inflorescence 105 development via the application of GWAS (genome-wide association study) to identify 106 associations between specific loci and quantitative phenotypic variation. GWAS has been 107 used to identify genes associated with inflorescence architecture in multiple crops (Brown 108 et al., 2011; Morris et al., 2013; Crowell et al., 2016; Wu et al., 2016; Zhao et al., 2016; Xu et 109 al., 2017) . Given that thousands or millions of markers can now be readily discovered and 110 genotyped, phenotyping is typically the bottleneck for conducting GWAS. Traditionally, crop 111 scientists have collected unidimensional traits, such as spike length, spike width, and 112 branch length and number manually. This is time-consuming for large populations.
113
Therefore, to fully utilize the advantages of GWAS, there is a need for accurate, high-114 throughput phenotyping platforms.
115
Computer vision has been shown to be efficient in isolating inflorescences (e.g., Aquino et 116 al., 2015; Zhao et al. 2015; Millan et al. 2017 ) and several studies have attempted to extract 117 inflorescence features from images of rice and maize (AL-Tam et al., 2013; Crowell et al., 118 2014; Zhao et al. 2015; Gage et al., 2017) . The complexity of inflorescence architecture 119 complicates the accurate extraction of phenotypes from images. To date, two studies have 120 applied image-based phenotyping to the genetic analyses of crop inflorescences and they 121 either focused only on artificially flattened rice inflorescences (Crowell et al., 2016) caused by sorghum's high LD.
155
In this study, we developed and deployed a high-resolution imaging pipeline to collect 156 panicle phenotypes from a subset of the Sorghum Association Panel (SAP) (Casa et al.,
Results
167
Phenotyping
168
The front and side planes of 1,064 panicles from 272 genotypes (designated SAP-FI, 
187
The 0.96 r 2 (Fig. 3 ) indicated little variation was introduced via 2D imaging.
188
To quantify the second source of variation, we also manually measured lengths from 2D features of a 3D object projected onto a 2D plane, so we chose these two traits to reflect 201 structural variation in panicle size and compactness projected on the front and side planes, with their corresponding genotypic correlations (Fig. 4) . For example, the ten pairs of traits 214 with the highest phenotypic correlations also exhibited the highest genetic correlations. (Fig. 4) , we hypothesize that some genes have 230 functions in both planes.
231
GWAS
232
To identify loci that affect panicle architecture, GWAS was performed on the SAP-FI panel Table I ).
240
Sixty-six percent (N=23) of these 35 high-confidence, non-redundant TASs were associated 241 with three of the eight traits: length (N=6), solidity.front (N=8), and width.front (N=9). For 242 the three traits measured in both planes, approximately twice as many TASs were detected 243 for front plane traits (N=21) as compared to the corresponding side plane (N=10) ( Table I) .
244
This probably reflects the lower heritabilities of the side plane traits relative to the front 245 plane (Fig. 4) .
246
We compared the TASs associated with panicle length and width.front with published QTL Table S1 , Hart et al., 2001; Srinivas et al., 2009) (Table I) TASs that affect multiple traits were similar for both members of pairs of affected traits 273 (Supplemental Fig. S5 ).
274
Identification of Candidate Genes
275
The sorghum genome exhibits extensive LD (Morris et al., 2013 and Methods).
288
Using this procedure nine candidate genes were identified (Table II) . A permutation test (Table II) and five of these maize and/or rice genes were associated with relevant traits 294 based on GWAS conducted in those species (Table II) . genes located on chromosomes 6, 7 and 9 that were contributed by BTx406 than the 325 converted tropical lines.
Population Differentiation
326
In addition to the adaptation genes located on chromosomes 6, 7 and 9, we also identified (Fig. 6) . Similarly, the frequency of the was reduced in cultivars as compared to the converted tropical lines (Fig. 6) 
370
Because it is not possible to extract ground-truth data for multi-dimensional traits, we 371 could not determine the accuracy of our pipeline for these traits. Even so, since the 372 heritabilities were high (0.70-0.93), we conducted a GWAS for these traits and identified
373
candidate genes associated with some of the TASs.
374
Given the extensive LD present in sorghum, it is not possible to conclude that any particular 375 candidate gene affects the associated trait. However, the enrichment of sorghum homologs 376 for maize and rice genes known to affect inflorescence architecture near these TASs, and 377 the correspondence of their functions in maize and rice with the associated phenotypes in 378 sorghum (Table II) , support the accuracy of our phenotyping pipeline and the hypothesis 379 that at least some of the candidate genes are causative.
380
Functional studies (Tanaka et al., 2013; Zhang and Yuan, 2014) between rice panicles and maize tassels (Brown et al., 2011; Crowell et al., 2016; Xu et al., 384 2017). Hence, we prioritized our selection of candidates by identifying sorghum homologs 385 of inflorescence genes previously discovered in maize and rice. In this manner, we 386 identified nine candidate genes, most of which are related to Kn1 (Fig. 7) .
387
In maize, both Kn1-and Ra1-related genes affect tassel development, and many auxin- area over the height of the panicle provides an approximate volume of the panicle.
479
The remaining traits: width, area, and solidity were extracted from both the front and side 480 plane images (width.front, width.side, area.front, area.side, solidity.front and solidity.side).
481
Width represents the maximum value of the width of the panicle obtained from the longest 482 line that can be drawn between the two boundaries of the panicle and that is perpendicular
483
to the panicle's length (Fig. 1) . Area refers to the projected area of the panicle on a 2D plane,
484
because the panicle is a 3D structure. Separate area measurements were obtained from the conducted on the SNP data using the R 'prcomp' function. The first three principal 520 components were used as covariates to control for population structure. FarmCPUpp's 521 optimum bin selection procedure was conducted using bin sizes of 50 kb, 100 kb, and 500 522 kb, and pseudo-quantitative trait nucleotide values of 3, 6, 9, 12, and 15. Statistical 523 significance was determined after Bonferroni correction: α= (0.05/total number of SNPs).
524
Initially, GWAS was conducted using all 272 accessions of the SAP-FI (Supplemental Table   525 S4). To identify high-confidence SNPs, bootstraps were conducted for each phenotype 
532
Only SNPs with RMIP ≥5 (5 out of 100 iterations) were considered for further analysis. We 533 also made this process more stringent by requiring these hits to be significant in the GWAS 534 conducted on the full panel. These SNPs were defined as high-confidence trait-associated and rice genes with known functions in inflorescence architecture (Supplemental Table S3 ).
544
The corresponding sorghum homologs, based on sorghum genome V1. shared by both sub-panels to estimate the genome wide divergence between the two,
560
following previously described methods (Bhatia et al., 2013) .
561
Accession Numbers
562
Sequence data used in this paper can be found in the Sequence Read Archive database, 563 www.ncbi.nlm.nih.gov/sra (accession no. SRA062716). Supplemental Figure S3 . Manhattan and QQ plots for eight panicle traits.
569
Supplemental Figure S4 . Standardized effect sizes of 38 TASs.
570
Supplemental Figure S5 . Standardized effect sizes of SNPs associated with multiple traits.
571
Supplemental Figure S6 . Chuck et al., 2002; Brown et al., 2011; Crowell et al., 2016; Wu et al., 2016; Xu et al., expression of Kn1 is strongly correlated with DCL-3, which is involved in the production of 638 24-nt siRNAs that target genes (e.g., ga20ox) involved in homeostasis of the GA and 639 brassinosteroid (BR) pathways to alter branch meristems in rice (Wei et al., 2014) . In 640 addition, GWAS on panicle area identified one WUSCHEL-related homeobox transcription 641 factor, DWT1, which in rice is associated with GA signaling, participates in panicle meristem 642 elongation, and is potentially downstream of ga20ox (Wang et al., 2014) . In maize, tsh4 643 regulates the establishment of lateral meristem boundaries followed by meristem initiation 644 and is regulated via the expression of Kn1 and Bd1 (Chuck et al., 2010) . In rice and maize, 
